Species distribution models were developed to predict the spatial patterns of the species diversity and the genetic diversity of stream organisms using a distributed hydrological model.
organisms because it is generally difficult to acquire data from many environmental variables governing the distribution of species dwelling in the river, such as hydraulic variables (e.g., flow velocity), when broader geographical scales are examined (e.g., catchment scale).
At a localized scale (i.e., reach scale), this particular issue could be addressed by using a hydrodynamic model, typically together with conventional physical habitat simulation (PHABSIM) models (U.S. Fish and Wildlife Service, 1980, 1981; Bovee, 1982) . This or similar methods have been widely used globally (e.g., Leclerc, Boudreau, Bechara, & Belzile, 1996; Yi, Wang, & Yang, 2010) and recently in the context of the longterm restoration of a large river (Lamouroux & Olivier, 2015) . A promising approach highlighted in the studies is the integration of the effects of temporally changing hydraulic conditions to predict habitat suitability, relying on local hydraulic model simulations. Meanwhile, similar studies focusing on a wider spatial scale, rather than temporal change (i.e., SDM) in stream ecosystems have used climate, geomorphologic variables (e.g., Oberdorff et al., 2001; Filipe et al., 2013) , or flow variables obtained from a semi-distributed hydrological model such as the Soil and Water Assessment Tool (Kuemmerlen et al., 2014) . However, a catchment-scale distributed hydrological model (runoff model) has rarely been utilized in stream ecology studies even though they enable extensive comparison of biological and hydraulic data toward habitat modeling along hydraulic gradients for each geographical subunit (e.g., grid cell) where runoff is individually simulated within a given catchment. Additionally, these approaches can reduce the risk of the development of "false associations" as characterized by "snapshot data" (snapshot bias, Kaplan, 1997) , which may result in a temporal mismatch of correlations between biological and environmental data in streams (Arai, Nukazawa, Kazama, & Takemon, 2015) . Semi-distributed and distributed hydrological simulations have been widely used for habitat modeling (Kazama, Matsumoto, Ranjan, Hamamoto, & Sawamoto, 2007; Nukazawa, Shiraiwa, & Kazama, 2011; Kuemmerlen et al., 2014; Guse et al., 2015) and predicting intraspecific diversity (i.e., genetic diversity) (Nukazawa, Kazama, & Watanabe, 2015) . Recently, Knouft and Chu (2015) applied a watershed-scale hydrological model to statistically infer fish community species richness. However, research modeling species diversity from multiple taxonomic orders (e.g., fish and amphibians) and modeling multiple levels of biodiversity using a distributed hydrological simulation has not been attempted thus far.
Two levels of biodiversity, species and genetic diversity, are central concepts that were prominently featured in the Convention on Biological Diversity (CBD, 2014) . These two biodiversity components are expected to correlate with each other if "parallel effects" associated with locality characteristics influence either form of diversity or "causal effects" of species diversity influence genetic diversity (and vice versa) (Vellend & Geber, 2005) . The parallel effect includes external immigration, which provides new species and genes, and high spatial/temporal environmental heterogeneity, which may allow various species and genes to colonize a locality. There have been a number of empirical tests of species and genetic diversity correlations (SGDCs) with varying levels of support, including even negative and no associations (e.g., Vellend, 2004; Papadopoulou et al., 2011; Vellend et al., 2014) but only limited attempts in freshwater ecosystems (e.g., Evanno, Castella, Antoine, Paillat, & Goudet, 2009). Developing a framework to infer genetic diversity based on SGDCs is potentially valuable because genetic diversity modeling has not been widely studied and is required in the field of landscape genetics, a newly emerging discipline for exploring how landscape factors lead to genetic variation in natural populations (Manel, Schwartz, Luikart, & Taberlet, 2003; Balkenhol & Landguth, 2011; Paz-Vinas & Blanchet, 2015) .
The first aim of this study is to develop a catchment-scale model to predict the spatial variation of species diversity of stream organisms along environmental gradients with a hydrological model. The second aim is to evaluate the correlations between the estimated species diversity and observed genetic diversity. The third aim is to utilize the correlations to predict the spatial variation of genetic diversity.
We derived habitat suitability indices (HSI) for six groups of aquatic fauna with varying ecologies. The HSI was quantified using presence data for the six groups within a part of the study catchment as a training dataset along with geospatial data and hydrological simulation data (Kazama et al., 2007) covering the entire catchment. We compared the simple frequency analysis (Nukazawa et al., 2011 ) and the MaxEnt model (Phillips et al., 2006) and chose either of the two to better estimate the HSIs. The HSIs were employed to calculate three estimates of species diversity throughout the catchment. These estimates were validated using observed data of species diversity that covers the majority of the catchment area. We used different biological datasets for constructing and validating the model to verify our practical approach, which applies a priori the model estimated from local data to an estimation of species diversity covering the catchment.
We used empirical Amplified Fragment Length Polymorphism (AFLP) data (Watanabe, Kazama, Omura, & Monaghan, 2014) to calculate the genetic diversity of four stream invertebrate species (three caddisflies and one mayfly). Subsequently, we examined the SGDCs using the estimated species diversity and the genetic diversity. Finally, we mapped the spatial distribution of genetic diversity throughout the catchment on the basis of a significant SGDC (a positive simple linear regression).
| METHODS
Our study employed a wide range of datasets and models, including a hydrological simulation model, meteorological and landscape data, biological data from two different sources, genetic data, and habitat models to predict the species and genetic diversities. Figure S1 describes how these data and models were used and synthesized in this study.
| Study area
The studied catchment was the Natori River catchment ( 
| Environmental data
To model habitat suitability, we used eight hydraulic metrics describing current velocity and water depth, and seven geographic metrics characterizing topology and geography (see Table 1 ). We employed a distributed hydrological model (Kazama et al., 2007) Table 1 ). As inputs to the model, meteorological data, including air temperature and precipitation, from three meteorological stations (Sendai, Kawasaki, and Nikkawa) were used. These data were measured utilizing an automated meteorological data acquisition system installed by the Japan Meteorological FIGURE 1 Study catchment and sampling locality for Hydropsyche orientalis TABLE 1 Predictor variables used in the habitat suitability models. These data were generated for each watercourse grid based on a distributed hydrological model (Kazama et al., 2007) and GIS data (Ministry of Land, Infrastructure, Transport, and Tourism)
Variable Description
Hydraulic variables based on the hydrological model Agency.We interpolated the spatial distributions of air temperature and precipitation using a weighted-mean approach from the threepoint data.
The distributed hydrological model was separated into hillslope and channel components (Kazama et al., 2007) . The flow in the hillslope component was represented by the direct flow, base flow and snow accumulation/melt, which were calculated using the kinematic wave method Whitham, 1955a and Whitham, 1955b) , the storage function method (Kimura, 1961) , and the degree-days method (Martinec, 1960) , respectively. For the model of the channel flow component, the dynamic wave method (Liggett, 1975; Liggett & Cunge, 1975 and Fread, 1993) was employed. We used the observed discharge data from the outflow of the Kamafusa and Okura Dams as boundary conditions for the two rivers downstream of the dam outlets. The outflows are artificially reduced compared to the inflows due to water subtractions from the dam-reservoirs for irrigation and hydropower generation.
Therefore, we needed to utilize the boundary conditions in our hydrological simulation. The simulated discharge was validated by comparison with observed discharge data using the Nash-Sutcliffe efficiency coefficient NS (Nash & Sutcliffe, 1970 ) (NS > 0.7; Nukazawa et al., 2015) .
We used seven landscape data categories (see Table 1 ): slope, % urban, distance to forested area, distance to urbanized area, distance to waterfront, vegetation type, and land use, which were defined by the elevation and land-use data from the Ministry of Land, Infrastructure, Transport, and Tourism (MLIT), as described by Kazama et al. (2007) . These variables were chosen because they potentially have direct and indirect effects on the organisms studied through sediment transport into the river as an important factor of benthic habitat (slope), input of organic matter (via forested area and vegetation type) and input of inorganic matter (land-use variables).
| Habitat suitability models
To infer species diversity, we modeled habitat suitability using presence records for the target organisms using data collected by the Natori City Office, located in the southeast portion of the study catchment (see Figure 2 and Table 2 ). The records indicated the location of the presence of more than 1,000 faunal species collected by ecological experts throughout the city between 2000 and 2001.
The survey began by separating the area of the Natori City district into more than 1,000 lattices with a 250 m × 250 m resolution.
Subsequently, ecological experts visited each lattice throughout the city and recorded the presence of particular species.
Most of the animal species that were potentially affected by river flow conditions did not occur at a certain number of lattices. If the number of "presence" lattices is too small, the estimated suitability index (SI) may not correctly describe the animal's preference, which is typically modeled as a linear gradient, sigmoid curve or unimodal distribution. Likewise, Hernandez, Graham, Master, and Albert (2006) warned that species distribution modeling with a low sample size suffered from a low predictive capability even when MaxEnt, the most reliable method (see below) of four methods, was used. Consequently, we only utilized data for 13 frequently occurring species out of the entire biological data set. The 13 species were classified into six subsets of taxonomic groups for consideration of their preferences for a variety of habitats: lentic dragonflies (Aeshna nigroflava, Coenagrion terue, Lestes japonicas, and Nannophya pygmaea), lotic dragonflies (Nihonogomphus viridis, Gomphus postocularis, and FIGURE 2 Geographic distributions of habitat suitability with area under curve (AUC) estimated using the maximum entropy approach (MaxEnt) for six aquatic taxa. Black squares indicate localities of presence provided from Natori City for each taxa. Locations of Natori City and Sendai City, where other presence records of wild animals used for validation of estimated species diversity are compiled, are delineated by solid line and broken line, respectively We computed HSIs using two methods: a conventional simple frequency analysis (Nukazawa et al., 2011) and the maximum entropy approach (MaxEnt, Phillips et al., 2006) for comparison, and selected the most reliable for building a robust model. The term HSI was conveniently used for the outcomes of both methods because these outcomes represent a similar concept. We used current velocity (annual mean, variance, maximum, and minimum), water depth (annual mean, variance, maximum, and minimum), slope, vegetation type, land use, % urban, distance to an urbanized area, distance to a forested area, and distance to a waterfront as the environmental variables for developing the HSI models. A conventional HSI comprises the synthesis of SIs based on the frequency of the presence lattice of species in the range of an environmental variable or an environmental category.
To calculate SI for each variable and each studied taxonomic group, we separated the observed range of the environmental variable into several classes with constant data width (e.g., 0.2 m width for the annual mean depth) and calculated the relative frequency of the occurrence for each class. We also used categories for land use and vegetation types rather than the classes. The frequency probabilities for each class or category were used as suitability indices that ranged from 0 to 1 (0: not suitable, 1: most suitable). The HSIs for the studied taxa were then calculated by the geometric mean of the SIs for each predictor:
where SI i indicates the suitability index of an environmental predictor i for a given taxonomic group and p indicates the number of the predictors (=15) in the grid.
The MaxEnt model estimates a probability of occurrence for a target species (= 0-1) based on a probability distribution of maximum entropy (Phillips et al., 2006) . We used this probability as an analog of the HSI of the taxa in this study. For the simple comparison of the conventional and MaxEnt methods, the same environmental data set was used for both methods. The HSIs predicted by the two different methods were evaluated using the area under curve (AUC) approach in the receiver operating characteristic (ROC) (Fielding & Bell, 1997) .
The AUC varied between 0.5 (as performance of random prediction) and 1 (as performance of perfect prediction) (Swets, 1988) .
| Estimates of species diversity
We calculated three indices of species diversity, taxon richness, Shannon-Wiener's diversity index, and summed HSIs as estimates of species diversity by synthesizing the HSIs of the study taxa. The
Shannon-Wiener's diversity index was employed over other potential diversity indices because they typically derive similar outcomes. Given that the HSIs also represent the potential of occurrence, we assumed that a focal taxon inhabited a target grid when the HSI in this grid was greater than 0.5 (and vice versa), which is similar to the O/E approach typically used in the River Invertebrates Prediction and Classification System (RIVPACS: Wright, Sutcliffe, & Furse, 2000) . In accordance with this assumption, we computed the taxon richness S = ∑S j , where S j indicates the presence (=1) or absence (=0) of taxon j in the grid. We calculated the Shannon-Wiener's diversity index H′ (Shannon, 1948) :
where q j is defined as the probability of determining the inhabitation of focal species (Shannon, 1948) . Because the relative ratio or abundance within an assemblage is commonly employed as q j , we applied the HSIs to this parameter: 
| Validating estimates of species diversity
We used additional presence records from Sendai City that covered the majority of the study area (see Figure 2 and Table 2 ) to validate the three estimates of species diversity. The presence of species was systematically recorded at each lattice with a resolution of 1 km × 1 km within the city. Although integrating this extensive biological data into the habitat suitability model could render the entire model more precise, we purposefully did not do so in this study because we preferred to emphasize the practical use of the model rather than seeking its location-specific precision. Given that biological data are often compiled within limited administrative districts rather than a region of specific interest, especially in the case of developing countries, building a model with extensive biological data may limit its application when targeting a region with sparse biological information. For the Sendai City dataset, we only used the following categories: fish (18 taxa), amphibian (11 taxa), and insects (68 taxa) because our HSI analysis involved these specific categories. The empirical taxon richness within these categories was then calculated for each grid cell. As our simulation mesh size was 250 m, for simple comparison, we converted the simulated estimates to 1 km by averaging the 16 adjacent grid cells. Finally, we compared the estimated species diversity metrics with the empirical taxon richness based on Pearson's correlation coefficient analysis. The bestfitting species diversity index among the six indices, in terms of the correlation analysis, was then selected for the subsequent SGDC tests.
| Empirical data of genetic diversity
We used empirical AFLP genetic data for three caddisflies (Insecta: Trichoptera), Hydropsyche orientalis (Ho), Stenopsyche marmorata (Sm) and H. albicephala (Ha), and a mayfly (Insecta: Ephemeroptera), Ephemera japonica (Ej), as reported by Watanabe et al. (2014) . The two caddisfly species, Ho and Sm, were broadly distributed (present at 26 sites and 20 sites), whereas Ha and Ej were only sampled in upstream/ headwater regions and small tributaries (present at 13 sites and 11 sites) from the 39 sampling sites across the study catchment (see Figure S2 ). The estimate of species diversity at each site (i.e., a grid cell including the sampling site) was used for subsequent SGDC tests.
All four species occur throughout Japan, except on some remote islands (e.g., Okinawa Island), and they exhibit analogous habits in terms of feeding on particle organic matter (<1-mm diameter) in flowing streams or accumulated on streambeds.
We calculated four genetic diversity indicators as proxy equivalents with difference in their ranges at the population level from the AFLP data. The proportion of polymorphic loci (%P) was quantified using AFLP-SURV v 1.0 (Vekemans, Beauwens, Lemaire, & Roldán-Ruiz, 2002) . Heterozygosity (H e ) was computed at each locus using the following equation:
where r i is the allele frequency at locus i estimated via the Bayesian method, with a uniform prior distribution of allele frequencies (Zhivotovsky, 1999) using AFLP-SURV v 1.0. We employed two theta estimators as genetic diversity indicators using Arlequin v 3.0 (Excoffier, Laval, & Schneider, 2005) : theta-S (θ S ), based on the average number of segregating sites and the assumption of equilibrium (Watterson, 1975) , and theta-pi (θ π ), based on the average number of pairwise differences (Tajima, 1983) .
| RESULTS
The spatial patterns of the HSI for the six studied taxa exhibited similar trends between the conventional and MaxEnt approaches.
However (O. latipes)) for all of the taxa (Figure 2 ), suggesting the MaxEnt is potentially more appropriate than the conventional method in our research framework. The HSI distributions of the two fireflies and the amphibians showed highly similar patterns to the equivalents in Nukazawa et al. (2011) , which were modeled with the same environmental variables and water temperature variables, and were validated;
implying that modeling these taxonomic groups in the framework of this study is appropriate. The HSIs of O. latipes and the two dragonflies were higher in the paddy area in the lowland domain and in the hilly area of the middle stream, respectively. These trends were largely consistent with the observed presence data of the corresponding species compiled across Sendai City (see above).
We integrated the HSIs to predict the geographical distributions of species diversity using the conventional model or MaxEnt model (referred as "Conv" and "MaxE" in Figure 3 ). Species diversity was typically higher in the middle reaches of streams in the study catchment in which relatively hilly agricultural terrain predominates.
This may be attributed to the general trends of suitability indices for the taxonomic groups considered; they preferred a shorter distance to the waterfront and agricultural landuse (e.g., paddy field). All of the estimates of species diversity displayed significant positive correlations with observed taxon richness (P < 5.6E − 4 for all) despite the availability of presence data being spatially limited. This indicates a robust predictive capability of our species diversity models based on the hydrological simulations. Of the six diversity estimates, H′ based on MaxEnt displayed the most significant positive correlation (P = 8.4E − 6, "Shannon_MaxE" in Figure 3 ). In contrast, the estimated species diversity across headwater areas (western portions) of the study catchment indicated 0 for all of the diversity estimates.
Significant positive correlations were recorded between Shannon_MaxE and two genetic diversity indices (H e and θ S ) for H. orientalis (Ho) which occurred in a wider area of the studied catchment when compared to the other three species examined 4 | DISCUSSION 4.1 | Species diversity estimation using a hydrological model
Our habitat models based on a hydrological model enabled us to infer spatial biodiversity patterns through spatiotemporal inter-extrapolation. This approach is especially promising for estimating biodiversity where biological surveys do not provide good spatial coverage. Furthermore, the model can be applied to future conservation projections of species and genetic diversities associated with anthropogenic activities (e.g., land-use changes) and transitions in hydrological regimes potentially associated with climate change. Our previous modeling studies that considered temporal environmental variation (e.g., seasonal temperature and flow fluctuations) in the estimations of habitat suitability (Kazama et al., 2007; Nukazawa et al., 2011 ) also displayed strong consistency with their empirical pattern.
These outcomes suggest that our hydrological-simulation-based approach, which could fill the temporal gaps between empirical snapshot survey data, could provide more accurate estimates of biodiversity.
FIGURE 3 Geographic distributions of species diversity represented by Shannon-Wiener's diversity index, taxon richness, and summed HSI based on habitat suitability estimated using conventional frequency analysis (Conv) and MaxEnt (MaxE), respectively. The results of validation with observed taxon richness (P-value) are appended at each map and the lowest P value in Shannon_MaxE is boldfaced of frigid alpine plant) in the partial region where the records were obtained (Natori City). In addition, there may be differences in community composition between training and modeled geographical regions which may limit the ability to predict both species and genetic diversity.
The low taxon richness could be attributed to the criterion defined to assigning whether a species is present or absent within the river mesh in this study. The criterion for determining a species' presence or absence when using a species distribution model, or a similar method, has been extensively discussed and remains relatively controversial (Liu, Berry, Dawson, & Pearson, 2005; Guillera-Arroita et al., 2015) . Setting a threshold yields a risk of underestimating the species diversity through ignoring near-threshold values of habitat suitability (such as 0.49). To address this issue, we also used another estimate "SumHSI," which is the summed value of habitat suitability. In fact, SumHSI detected some regions with higher diversity when the richness metrics in these regions yielded 0 or low diversity (specifically when using MaxEnt).
Therefore, evaluating species richness alongside the accumulated metric could be a more promising way to avoid overlooking debatable areas in a conservation context.
| Species-genetic diversity correlations
The estimated species diversity showed a significant positive correlation with the empirical genetic diversity for only one species Ho among the four focal species. Vellend et al. (2014) hypothesized that strong SGDCs occur when neutral processes, such as geographic isolation and differences in population size, drive variations of both species and genetic diversities under drift-migration balance (see Vellend & Geber, 2005) . In this study, Ho was the most geographically widespread and relatively dispersal-limited species (Watanabe, Monaghan, Takemon, & Omura, 2010) , when compared with another species (Sm) that has strong dispersal ability of up to 18 km (Yaegashi, Watanabe, Monaghan, & Omura, 2014 Struebig et al. (2011) , which revealed significant positive SGDCs in a poor-dispersal bat species found among fragmented rainforest habitats, jointly supporting this hypothetical mechanism; the combination of the spectrum of dispersal ability and habitat range is key to governing patterns of SGDCs. Accordingly, our model may allow the further exploration SGDCs given that this mechanism works both at the community and species levels.
If the Okura Reservoir dam has played a role as a barrier to gene flow (Watanabe, Monaghan, & Omura, 2008) , since its completion (1961~), the outlier population at the dam outlet (see Figure 4) would have relatively few opportunities to interact with the population upstream of the dam. As the level of genetic diversity is determined by the balance between genetic drift and gene flow (Wayne et al., 1991 and Hartl & Clark, 1997) , habitat fragmentation can degrade the genetic diversity of populations. Consequently, because the genetic diversity estimated from the HSI did not reflect this potential negative influence of the habitat fragmentation, the outlier could emerge reflecting only the causal genetic degradation. Given that this can be a likely premise to better describe the genetic diversity pattern based on our estimates of species diversity, we omitted the outlier and depicted the genetic diversity distribution using the resulting regression model.
The genetic diversity of Ho inferred from the SGDC regression showed the highest values along river corridors in the midstream sections. This spatial pattern was similar to an empirical pattern observed in the same species (Watanabe et al., 2008) . This overall corresponding trend supported the predictive ability of our model. In addition, the common tendency of higher species and genetic diversity in middle streams (especially in tributaries) reflects the traditional Japanese forested and agricultural landscape satoyama, which is known to maintain and support high biodiversity (Washitani, 2001 ). This may be evidence that the estimated species diversity is also applicable to an indicator of the satoyama, and the landscape supports not only diverse fauna but also high intra-specific complexity in aquatic FIGURE 5 Geographic distribution of estimated genetic diversity (θS) and the diagram of positive linear regression model (θS = 2.1Shannon_MaxE + 13.2) after omitting the significant outlier ecosystems. Dramatic decreases in the genetic diversity in headstreams were probably caused by the null values of species diversity recorded there, which also represents a limitation (e.g., narrow environmental gradient) involved in this study (see above).
| CONCLUSIONS
We tested SGDCs based on the species diversity inferred from the HSIs of multiple aquatic taxa and the empirical genetic diversity of stream insects. The HSI models were developed based on hydrological simulations at the catchment scale. We obtained the following results:
1. We developed a prediction model of species diversity using a hydrological model and presence records for part of the catchment study area. The model successfully demonstrated the capability of spatial extrapolation as displayed by the strong correlations between the estimates of species diversity and the observed taxon richness. This was even the case through the richness used for the validation originated from records covering the majority of the catchment.
2. Of the four species tested, only one caddisfly species (H. orientalis) displayed a significant positive SGDC between species diversity estimated by our model and empirical genetic diversity. The result may reflect its broad distribution throughout the catchment and poor dispersal ability compared to the other three species which had a strong dispersal ability (S. marmorata and E. japonica) or a narrower geographical range within the upstream (Hydropsyche albicephala), none of which displayed any SGDCs.
3. We developed a regression model to estimate the spatial distribution of genetic diversity at the catchment scale. The longitudinal pattern recorded along the riverine corridor was similar to the empirical patterns of genetic diversity for the same species (Watanabe et al., 2008) , highlighting the predictive capability of our model.
Our approach could be used to simulate spatiotemporal species and genetic diversity patterns in areas where biological surveys have limited coverage. However, this framework should be applied carefully because the predictive capability of species diversity relies on the spatial extent of the biological data used for the model development.
In addition, the association between the two levels of biodiversity probably emerges when their covariation is primarily governed by a nonselective process. If these considerations are successfully addressed, this modeling approach could be applied to other geographical areas. Furthermore, the model could be used for future projections of both species and genetic diversity in the context of anthropogenic perturbations (e.g., logging and urbanization) and climate change.
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